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Background & Motivation

PROBLEM MODEL CATEGORIES

Multimodal Large Language Models (MLLMs) often fail to fully
leverage visual information in reasoning tasks. Cold-start pretraining

shows inconsistent improvements. N e - UL IR -
RESEARCH GAP Strong language priors, Better visual engagement, Optimal attention
limited visual attention but still suboptimal to visual content

Understanding how attention works in multimodal reasoning can

guide better training strategies. We discovered attention allocation is
critical. THE COLD-START QUESTION

Does initializing with image-text pairs actually improve visual
reasoning?




Key Discovery 1: Visual Attention Score (VAS)

VAS = X Attn(visual tokens) / X' Attn(system tokens)

Measures attention allocated to visual tokens relative to system
tokens

VAS serves as an effective proxy for measuring multimodal reasoning capability

Models with higher VAS consistently outperform on math, science, and reasoning benchmarks

This critical insight guided the entire research direction

e ™
CORRELATION WITH PERFORMANCE
Pearson r = 0.9616
Very strong positive correlation!
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(a) Model Performance by Mean Visual Attention Score (VAS)
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Key Discovery 2: Lazy Attention Localization

Counter-intuitive finding: Multimodal cold-start FAILS to raise VAS

(b) VAS Distribution Across Layers
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Simply adding visual data in cold-start is not sufficient - this insight led to AVAR framework




Training-free Interventions for Attention Modulation

Inference-Time Boost for Visual Token Attention in Multimodal Reasoning
SOLUTION

Attention Modulation at Inference Time

Even with VAS as a metric and understanding of Lazy Attention,
how can we improve attention without model retraining?

Manipulate attention weights during inference
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AVAR Framework: Attention-Guided Visual Anchoring and Reflection

() Step 1

Question

Given that x = 73, , what is the
value of CE? Choices:

¥ Gemini

@ Step 2

High-fidelity Visual Description

Stage 0: Global Scan and Frame Definition
Image Type: Geometric diagram of a triangle

Stage 1: Iterative Element Decomposition
1.Element: Point E: Lies on hypotenuse AB. Right
angle 2 CEB =90°. Divides AB into segments x and
y.

Stage 2: Information Linking and Cross-check
*Confirmed: AABC right at C. Marked: 2B =
60°, £ A=30°. Side labels: a, b, c.

Stage 3: Final Scene Synthesis
The figure shows a right triangle with sides a, b, c,

(A)7(B) 14 angles 30°, 60°, 90°. Point E lies on the hypotenuse
(©)21 (D) 14V3 AB, forming a right angle with C, splitting AB into
\ J L= andy.

Qwen3 235B A228

L Step 3 : Visual Anchor Integration

(@) Step 1 : High-fidelity Visual Description Generation
(?) Step 2 : Reflection-enhanced Reasoning Generation

T : Reflection Segments
T : Visual Anchor Segments

O Step 3

Reflection-enhanced Reasoning
The figure shows a right triangle with sides a, b, c, angles
30°, 60°, 90°. Point E lies on the hypotenuse AB, forming a
right angle with C, splitting AB into x and y.

We are given a right triangle ABC with angles 30°, 60°,
90°. Point E lies on hypotenuse AB, with BE = x = 7/3.
We need to find CE.

From the 30-60-90 ratios: a = ¢/2, b= (V3 /2)c.

Wait, according to the description, yes, opposite the 30°
angle is the shorter leg a, consistent.

By altitude property: a>=c-x, b>=c'y, CE?=x'y.
Substituting a = ¢/2 — x =c/4. Givenx =7 V3—>c=28
V3.

Let me double-check this step: correct.

Now compute altitude: CE = ab/c = (c/2)(V3 /2-c)/c =
(/3 4.

Plugging ¢ =28 V3 — CE=21.

Wait, let me re-examine:

_check with CE? =xy — CE? =441 — CE =21.

Qwen3 32B

Visual Anchor-integrated Reasoning

‘We are given a right triangle ABC with angles 30°, 60°,
90°. Point E lies on hypotenuse AB, with BE = x = 7+/3.
‘We need to find CE.

From the 30-60-90 ratios: a = ¢/2, b= (V3 /2)c.

Wait, look back at the triangle to confirm the relation,
yes, opposite the 30° angle is the shorter leg a, consistent.

By altitude property: a>=c-x, b>=c-y, CE?=x'y.
Substituting a = c/2 — x =c/4. Givenx =7 V3—c=28
V3.

Let me double-check this step: correct.

Q Then,let’s check the image again

Now compute altitude: CE = ab/c = (c/2)(v3 /2-c)/c =
(V3 /4)c.

Plugging ¢ =28 V3 CE=21.

Wait, let me re-examine:

check with CE? = xy — CE?> =441 — CE =21.

.

7.0% average gain across 7 multimodal reasoning benchmarks on Qwen2.5-VL-7B

MathVista | MathVision | MathVerse-VO | MMMU | MMMU-Pro | MMStar | HallusionBench




Results

Configuration Method Components Benchmark Performance
VARD AGTO VARS MathVista MathVision MathVerse-VO MMStar MMMU-VAL MMMU-Pro Hallusion. Avg.
Baseline (Qwen2.5-VL-7B) 68.2 252 41.1 62.1 58.1 38.3 50.7 49.1
v 70.6 32.9 435 61.1 552 38.7 553 51.0
v v 72.0 34.1 44.0 62.8 58.3 39.8 572 52.6
AVAR-Thinker v v v 74.7 374 50.4 64.1 63.8 429 59.5 56.1
Method k Perfor Avg.

MathVista MathVision MathVerse-VO MMStar MMMU-val MMMU-Pro Hallusion.

Baseline (Qwen2.5-VL-7B) 68.2 252 41.1 62.1 58.1 383 50.7 49.1
+ R1-OneVision 63.3 26.3 39.7 54.9 49.9 34.6 43.8 44.6
+ OpenVLThinker 68.9 25.3 37.8 58.7 55.7 36.0 54.1 48.1
+ Vision-SR1 67.6 2719 42.3 46.9 50.7 36.3 42.1 44.8
+ VARD (Ours) 70.6 329 43.5 61.1 552 38.7 55.3 51.0

Math Reasoning Multidisciplinary Perception
Model MathVista MathVision MathVerse-VO ‘ MMMU-VAL MMMU-Pro | MMStar Hallusion. Avg.
Closed-Source
GPT-40 63.8 312 - 70.7 54.5 65.1 56.2 -
Claude-3.7-Sonnet 74.5 58.6 - 75.2 50.1 68.8 58.3 -
Open-Source General Models
Qwen2.5-VL-7B 68.2 25.2 41.1 58.1 383 62.1 50.7 49.1
InternVL2.5-8B 64.4 22.0 39.5 56.0 38.2 63.2 51.1 478
LLaVA-OneVision-7B 58.6 18.3 19.3 48.8 35.5 61.7 475 414
Llama-3.2-11B-Vision-Instruct 48.6 19.7 18.4 50.7 33.0 49.8 40.3 372
Multimodal R, Vodel
Mulberry-7B" 63.1 - 429 55.0 34.8 61.3 54.1 -
R1-OneVision 64.1 29.9 40.0 49.1 322 522 46.0 448
OpenVLThinker 72.3 25.9 44.6 53.0 429 59.5 53.0 50.2
ThinkLite-VL 75.1 329 458 55.5 40.0 65.0 52.3 53.1
MM-Eureka-7B 73.0 26.9 48.1 52.0 42.4 65.2 50.7 512
Vision-R1" 735 - 4717 56.3 39.6 64.8 51.9 -
VLAA-Thinker-7B 68.0 26.4 48.2 55.7 40.9 64.2 50.9 50.6
Vision-SR1 68.1 26.7 471 61.3 43.8 64.1 54.3 522
Our model
AVAR-Thinker 74.7 374 50.4 63.8 4.9 64.1 59.5 56.1
A over Qwen2.5-VL-7B +6.5 +12.2 +9.3 +5.7 +4.6 +2.0 +8.8 +7.0

Two-Phase Training Pipeline



Conclusion

N [ N [ N
VAS Lazy Attention Training-free AVAR
Visual Attention Score Root cause of 1-2% gains 7.0% gain
r=10.9616 correlation cold-start failure without retraining 7 benchmarks
J 4 J \\ J L

IMPACT

This work provides a fundamental understanding of multimodal attention dynamics and delivers practical solutions that
bridge visual pretraining and genuine multimodal reasoning.
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